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1. INTRODUCTION
There is an increasing consensus that events and experiences in the early years of child-
hood, from conception to at least the age of three, have long lasting consequences for an
individual’s development and productivity.1 There is also agreement on the fact that hu-
man capital is a multidimensional object, with its various constituents (health, cognition,
language, socio-emotional skills) interacting over time along the process of its develop-
ment, giving rise to complex dynamics and complementarities (see Cunha and Heckman
(2008), Cunha, Heckman, and Schennach (2010) and Aizer and Cunha (2012)). These dy-
namic interactions, together with the possible malleability of skills at certain points in the
life cycle, give rise to potential ’windows of opportunity’ for targeted interventions that
can improve the development of vulnerable children.2
These issues are particularly relevant in developing countries, where children living in
poverty are exposed to a variety of risks, including disease, malnutrition, violence and
unstimulating environments. Indeed, the developmental gaps between children living
in more versus less affluent families have been amply documented (see Fernald, Weber,
Galasso et al. (2011), Carneiro and Heckman (2003), Currie (2008), Rubio-Codina, Attana-
sio, Meghir et al. (2015), Hart and Risley (1995), and Fernald, Marchman, and Weisleder
(2013)).
One way of understanding how these factors interact during childhood to produce life-
long outcomes is to estimate production functions for the various dimensions of human
capital. These production functions can map the interaction of family background and
the current skill level of the individual child, along with investments in the child at each
1For example, Campbell, Conti, Heckman et al. (2014) documents long run impacts of the Carolina
Abecedarian Project on health and Chetty, Friedman, and Rockoff (2014) documents long run outcomes
of Project STAR on earnings. For a review of a number of studies documenting the long run outcomes of
other early interventions in the U.S., see Currie and Almond (2011). For examples from a developing coun-
try, see Gertler, Heckman, Pinto et al. (2014) which documents long run impacts on earnings of an early life
health intervention in Jamaica and Walker, Chang, Powell et al. (2005) which documents long run impacts
of the same intervention in Jamaica on cognitive outcomes.
2For just a few examples from a rich literature documenting the malleability of skills in early childhood,
see Grantham-McGregor, Cheung, Cueto et al. (2007), Bharadwaj, Løken, and Neilson (2013), Engle, Black,
Behrman et al. (2007), Olds, Henderson Jr, Kitzman et al. (1999), Heckman and Kautz (2013), and Hoddinott,
Maluccio, Behrman et al. (2008).
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age into child development and growth. This approach is useful because it allows us to
identify the degree of persistence of different inputs into development and their influence
on subsequent growth. This characterization in turn can be used to identify ’windows of
opportunity’: periods in the life cycle of the child where investments (including policy
interventions) might be particularly fruitful.
In this paper, we use high quality data from Ethiopia and Peru drawn from the Young
Lives Survey to implement this approach, by estimating flexible specifications of the pro-
duction functions for health and cognition, two key components of human capital. For
each of these countries, we have observations for two different cohorts spanning most
of childhood. In particular, the younger cohort is observed at ages 1, 5 and 8, while the
older cohort is observed at ages 8, 12 and 15. Building on earlier work (see, for example,
Cunha and Heckman (2008), Cunha, Heckman, and Schennach (2010), Attanasio, Meghir,
and Nix (2015), and Attanasio, Cattan, Fitzsimons et al. (2015)) we follow a factor analytic
approach to estimate investment equations and production functions for human capital
from age 1 to 15, allowing these to be dynamically connected. Our model can be viewed
as an approximation to a dynamic model of household choice and investments in children
with liquidity constraints. Del Boca, Flinn, and Wiswall (2014) show how such a dynamic
model can be specified and estimated structurally.
Our paper offers innovations in a number of dimensions, including our particular at-
tention on the functional form for the production function and the comparison between
two countries. Given the results in Attanasio, Meghir, and Nix (2015), we emphasize
the interaction between health and cognition, recognizing that disease and malnutrition
can have detrimental effects on cognitive development. We also use their approach to
allow for the endogeneity of parental investment decisions, which offers some insight on
whether parental investments reinforce or compensate shocks experienced by the chil-
dren. We experiment with flexible functional forms for the production functions. But
perhaps the most important innovation in the paper is the empirical focus on two de-
veloping countries, where, with the exception of Attanasio, Meghir, and Nix (2015) in
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India, child development has not been studied before over such extensive age ranges. Ul-
timately the hope is that by studying child development in various different low income
countries we can identify important regularities that will help us understand the process
and design more effective interventions.
We find that the production of health and cognition is quite similar in both Peru and
Ethiopia. Specifically, in both countries we find that both cognitive skills and health are
very persistent, although health is even more persistent than cognition. We find some
evidence that health is cross productive; health positively impacts the production of cog-
nition at early ages. Investments have large impacts on the production of cognition, but
the effect decreases with age. We also find in both countries that investments are endoge-
nous and parents compensate for negative shocks. Overall, our results are consistent with
a growing body of evidence that early investments in children matter and that the pattern
of persistence and dynamic complementarities is a complex one that changes over time as
children age (see, for example, Cunha, Heckman, and Schennach (2010), Del Boca, Flinn,
and Wiswall (2014), Attanasio, Cattan, Fitzsimons et al. (2015) and Attanasio, Meghir, and
Nix (2015)).
Last, we perform a number of counterfactuals. First, we examine the impact of increas-
ing either investments alone or investments and health at age 5 for children with cognitive
deficits at age 5. We find that this intervention leads to large gains in cognition which are
sustained through age 15. Next, we show that rich and poor children with identical base-
line skills will end up with large gaps in cognitive skills by age 15 due to the fact that
richer parents invest more in their children.
The rest of the paper is organized as follows. In Section 2, we develop the conceptual
framework that is used in the empirical analysis. In particular, we sketch the model of
human capital accumulation and discuss how different functional forms can have differ-
ent implications. In Section 3, we discuss the estimation strategy we use and in Section
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4 the data. In Section 5, we present our main empirical results, focusing on the cross-
country comparisons and the differences across the Nested CES and the CES. In Section 6
we present counterfactual exercises and Section 7 concludes.
2. THE PROCESS OF HUMAN CAPITAL DEVELOPMENT FROM AGE 1 TO 15
We consider human capital development over a sequence of periods in childhood,
driven by the available spacing of the data. In each period, we specify how current levels
of health and cognition are separately determined as the result of a process that com-
bines five different inputs: the child’s past health (θHi,t), child’s past cognitive ability (θ
C
i,t),
parental investments (Ii,t), parental health (PHi ), and parental cognition (P
C
i ).
In particular, we write the production of a given component of human capital this pe-
















, k ∈ {C, H} (2.1)
Notice that in addition to the five inputs listed above, we also include a number of
other factors that might affect the accumulation of human capital, in a vector Xi,t. These
include the gender of the child, the number of siblings in the family, and the number of
older siblings. Gender is included to test whether the process of human capital accumula-
tion is different for boys and girls. Note that gender effects could also capture differential
investments by parents, if those investments are not fully captured by It. For example, we
do not have sufficient information on parental time investments in children, so a differ-
ence in human capital production by gender could capture differential time investments.
The number of siblings may capture differential returns to scale across large and small
families: smaller investments in any given child may be overcome by shared investment
in siblings.
In addition to observable variables, we allow the production functions for cognition
and health to depend on unobserved shocks (εki,t) and a term meant to capture ‘total factor
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productivity’ (TFP). The TFP term (Akt ) is particularly important when estimating differ-
ent production functions covering several ages since it can flexibly capture growth over
time and with age. We discuss issues related to the interpretation of TFP in more detail in
the results section.
We pay particular attention to the marginal effects of parental investments and the
child’s past skills at different points in time. The derivatives of child skills are important
as they play a large role in determining the persistence of the process that governs human
capital accumulation. The combination of the marginal effects of investments and child’s
past skills determines the degree to which investment may (or may not) have long run
effects. Understanding the persistence as well as the immediate impact of investments is
clearly crucial for the design of effective interventions and the identification of what have
been called ‘windows of opportunities’.3
Equation (2.1) above is a fairly general representation of the production of child human
capital. However, while a fully nonparametric production function is identified under
conditions defined in Cunha, Heckman, and Schennach (2010), as well as further condi-
tions on the support of the instruments for investments, the dimensionality of the prob-
lem makes this a forbidding task, both computationally and in terms of the amount of
data required. Even so, a flexible specification can be important for the economic implica-
tions of the results obtained from the estimates. In particular, estimates of the productivity
of parental investment and its persistence (or fade-out) can be substantially affected by
the functional form assumptions used. In what follows, we strive to combine analytical
and empirical tractability with flexibility.
3Cunha and Heckman (2008) and Cunha, Heckman, and Schennach (2010) have also emphasized the im-
portance of non-cognitive (or social) skills, which they show to be important determinants of future out-
comes. Unfortunately our data does not include a sufficient number of relevant indicators quantifying this
dimension of human capital.
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The Functional Form of Children’s Human Capital Production. A specification for the
production function that has recently been used in the literature on human capital pro-
duction is the Constant Elasticity of Substitution (CES) production function (see, for in-
stance, Cunha, Heckman, and Schennach (2010)). The CES allows for some degree of
flexibility in the way in which inputs interact. In particular, different inputs can be either
complements or substitutes. These interactions have important implications for human
capital development among children and optimal policies to foster human capital devel-
opment. Given the two components of human capital we are considering, cognition (C)

























i,t , k ∈ {C, H}
(2.2)
where the parameters γkjt, j = 1, ...5, are constrained to sum up to 1 in each period. The
term Akt captures TFP. Notice that the parental cognition and health variables are assumed
not to change over time. In contrast, the parameters of the production function and all
other inputs vary with the age of the child.
The CES nests as special cases a linear production function, which occurs when ρk = 1
and implies perfect substitutability among the various inputs. It also nests as a special
case the Cobb Douglas, which occurs when ρtk = 0 and implies that the elasticity of
substitution between different inputs is 1. An important limitation of the CES functional
form, however, is that it imposes an elasticity of substitution that is the same among any
pair of inputs of the production technology: ρk is the unique parameter capturing the
degree of substitutability among any pair of inputs.
A feasible and more flexible alternative to the CES is the so-called nested CES. Such a
specification allows one to explore whether subsets of inputs are complements or substi-
tutes in the production of cognitive or health skills. Inputs are grouped in different sets
and each set is aggregated with a CES function, with the resulting ‘intermediate output’
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entering another CES function. In principle one can consider many groups of inputs, even
pairs, and hence achieve a different degree of substitutability among all different pairs of
inputs.4 There is, of course, a degree of arbitrariness in the way in which groups of inputs
are formed and nested within the outside CES functional.
In this paper, we explore the possibility that initial conditions for child development
(given by lagged cognition and health) are combined by a simple CES which is then
nested in another CES. This expresses the production of human capital outcomes as a
function of the aggregated lagged child skill levels, parental background and invest-


























i,t , k ∈ {C, H}
(2.3)
This specification allows us to test for the existence of cognitive and health skill comple-
mentarity in the production of future skills. Notice that equation (2.3) reduces to equa-
tion (2.2) when ρskills,tk = ρtk. The possibility of having different degrees of substitutability
among subsets of inputs is relevant since it will affect the marginal productivity of invest-
ment in skills. The nested CES allows for greater flexibility in the set of complementarity
patterns between initial cognition and health on the one hand and investments on the
other, which may be important in understanding how skills develop with age.
3. ESTIMATION
There are two main challenges to estimating the production functions. First, the fac-
tors are not directly observed and this leads to a complex measurement error problem.
Second, parental investments may be endogenous.
3.1. Extracting the latent factors from a system of measurements. While PPVT scores,
math test scores, and language test scores can all be thought of as measuring underly-
ing cognition and the various health measures (such as height for age) as reflecting the
4For a good overview of the nested CES, see Sato (1967).
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underlying latent health, none are a perfect proxies for latent cognition and health re-
spectively. We can view these measurements as error-ridden indicators of these latent
unobserved factors. To extract the latent factors from these measurements and remove
the measurement error, we use a dynamic latent factor model as developed for nonlin-
ear models in Cunha, Heckman, and Schennach (2010), building on work from Hu and
Schennach (2008) and Schennach (2004). We use their framework to identify our latent
factors of interest from the rich set of measurements in our data. As they show, provided
we have 2K measurements on a set of K factors in which we are interested, we can use
the multiplicity of measurements for each factor to extract the true, unobserved latent
factor, despite the presence of measurement error. While extracting the true, latent factor
from the set of available proxies is a nontrivial exercise, Cunha, Heckman, and Schennach
(2010) show that the alternative - to estimate production functions using a proxy for each
factor, ignoring measurement error concerns - performs poorly, even when using the most
informative proxy for each factor.
Letting mj,k,t denote the jth available measurement relating to latent factor k in time t,
we assume a semi-log relationship between measurements and factors
mj,k,t = aj,k,t + λj,k,tln (θk,t) + ej,k,t (3.1)
where λj,k,t is a factor loading, aj,k,t are constants, and ej,k,t are zero mean measurement
errors, which capture the fact that the measurements are imperfect proxies of the under-
lying factors. We assume that the measurement error is independent of the latent factors,
which is necessary for identification. We also assume that the measurement errors are
independent of each other (across both contemporaneous latent factors and time).5
To identify the model we must also scale and normalize the measurements (Anderson
and Rubin (1956)). We use the same normalizations used in Cunha, Heckman, and Schen-
nach (2010), setting the first factor loading for each measurement to 1 and normalizing the
5This assumption can be somewhat relaxed. However, even when allowing for some correlation among
the errors of some of the available measures, it will be necessary to have some measures with independent
errors. This is not something we explore in this paper.
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mean of the latent factors to be 0, while including a TFP term. An alternative approach,
presented in Agostinelli and Wiswall (2016), normalizes the means and loadings of only
the initial factors. Cattan and Nix (in progress) explore alternative methods and estima-
tors and provide Monte Carlo evidence that shows that the approach we are following
performs well in samples of the size we are considering.
The interpretation of the estimates of the production function depends on the units of
measurement of the latent factors. In some cases, the available measurements are test
scores which are ordinal in nature. Ordinal variables introduce some arbitrariness to re-
sults, given that any monotonic transformation of a test score conveys the same informa-
tion. A way round this issue is to anchor all latent factors to a measure with meaningful
units such as earnings, as elaborated by Cunha, Heckman, and Schennach (2010). An-
choring will define not only the scaling but the entire monotonic transformation from the
latent factor to the measure. 6 Here we lack a measure that would make a suitable anchor
because we do not possess longitudinal data that will link early test scores to adult out-
comes such as earnings. We thus assume that the factor and the measure are related by a
semi-log transformation (and the measurement error).
3.2. Determinants of parental investment. In our model, parental investments in chil-
dren are determined by parental resources (current and over the lifecycle), parents’ expec-
tations regarding the returns to investments in their children, and the prices of investment
goods. More specifically, parents select investments taking into account the child’s cur-
rent level of cognition and health, because the child’s current level of human capital may
determine the returns to investments (in particular if there is complementarity between
child skills and investments). Additionally, the level of investments may be determined
in part by the parent’s own level of cognition and health, both because this may reflect
knowledge about the value of investments and because parental characteristics may cap-
ture lifetime resources. Gender may also play a role because of gender preferences or even
6Meghir and Rivkin (2011) discuss the this issue in the context of program evaluation with methods such
as difference in differences.
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because of perceived differences in the returns to gender in the labor market. Finally, birth
order and the number of siblings impact the available material and time resources that
parents are able to devote to a given child. This characterization of parental investments
can be derived from a problem where parents choose investments to maximize a welfare
function whose arguments are child human capital and own consumption, subject to a
budget constraint and the technology constraint imposed by the production function of
human capital. Estimating the investment equation can provide some insight as to how
parents choose to invest in children and ultimately will help us understand some key
sources of inequality in this paper.
We assume that parental investments are at least partly motivated by a desire to af-
fect long term outcomes through the formation of human capital, where human capital
in this paper consists of health and cognition. This is why the production functions de-
pend on investment. However, in order for the estimates of the production function to
be unbiased, we have to assume that all determinants of both investments and human
capital formation are fully captured by the remaining inputs into the production function
for human capital: parental cognition and health, past child health and cognition, and
household composition.
Yet there is an important possible source of endogeneity: the unobserved shocks to the
child’s human capital that parents might react to when choosing their investments. For
example, parents may decide to compensate for a negative shock, such as an unexpected
episode of ill-health or particularly bad quality of education, by increasing their invest-
ments in the child. Alternatively, such a shock may be perceived as lowering the returns
to investment, in which case investments may also fall.
To address this potential endogeneity of investments, we follow the control function
approach used in Attanasio, Meghir, and Nix (2015).7 As in that paper, we use household
income and regional variation in prices as instruments. These instruments are valid pro-
vided differences in prices and income affect future cognition (or health) only through
7See Gronau (1974), and Heckman (1979).
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their impacts on investments. The use of prices as instruments requires the assumption
that regional variation reflects cost differences rather than differences in demand. Given
the longer term determinants of income (such as parental cognition and health) we as-
sume that current income reflects a liquidity shock and not inputs that should also be
included in the production function. As a robustness check we also present results where
we only use prices as excluded instruments in the appendix. In those specifications, in-
come is included in the production functions in Xi,t as well as in the investment equations.
We approximate the parental investment function using a log-linear specification which
takes the form:










6lnqk,t + d7lnYi,t + vi,t (3.2)
where νI,t is the error term, Xi,t includes child gender, birth order, and number of chil-
dren, Y is income, and qk,t are a set of prices in village k at time t. We can then augment
the productions functions to include the residual of the investment function, vi,t, as a con-














+ φktXit + A
k
t + ξ
kvi,t + ε∗ki,t k ∈ {C, H} (3.3)
where the function g()˙ is the CES or the nested CES production function outlined earlier
and C, H denote cognition and health respectively.
An alternative approach is to solve explicitly for the maximization problem faced by
parents and compute the investment function that would result from such a problem, as
in Del Boca, Flinn, and Wiswall (2014). Such a function could then be estimated jointly
with the production function. Such an approach might be more efficient in certain con-
texts but does require stronger assumptions about behavior. For example, we do not
necessarily require that parents have full knowledge of the parameters of the production
function.
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3.3. A Three-Step Estimator. As discussed above, the identification of the nonlinear fac-
tor model we use is provided in Cunha, Heckman, and Schennach (2010) and is based
on the idea of dealing with measurement error in a nonlinear context by using multiple
measures for each underlying variable, as in Schennach (2004). The estimation approach
we use is described in Attanasio, Meghir, and Nix (2015) and consists of three steps. In
the first step, we estimate the joint distribution of the measurements. In addition to the
measurements for the latent factors that enter the production function, we also include
the variables used as controls (gender, number of children, and so on) and the variables
used as instruments for investments (prices and income). Even though no measurement
error is considered for these variables, we must include them in this first step in order to
recover their relationships with the latent variables. In the second step, we use the mea-
surement system to recover the joint distribution of the latent factors, as well as estimates
of the factor loadings and measurement error distribution. With the joint distribution of
the latent factors and all other relevant variables in hand, we then generate a synthetic
data set by drawing observations from the joint distribution of the factors (including the
instruments and controls) and estimate the investment functions and production func-
tions in the third and final step, using nonlinear least squares. Experimenting with the
functional form of the production function only involves repeating the relatively simple
third step, since the joint distribution of the latent factors completely characterizes all
the information in the actual data. For more details on this estimation procedure and its
performance, see Attanasio, Meghir, and Nix (2015).
We assume the measurement errors are normally distributed and we approximate the
joint distribution of the measurements as a mixture of two normals. These assumptions
then imply that the joint distribution of the latent factors is a mixture of normals. The
departure from normality is important: the normal distribution has a linear conditional
mean. Here the conditional mean is the production function, which means that assum-
ing normality of the latent factors would only allow us to estimate production functions
where the inputs are perfect substitutes. More generally, the joint distribution of latent
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factors must be flexible enough to capture the dependencies in the data and general
enough to be consistent with the production function one wishes to estimate. By us-
ing an increasingly large number of elements in the mixture the joint distribution can be
approximated to an arbitrary degree of precision. Cattan and Nix (in progress) show that
a mixture of two normals is sufficient to capture a CES production function.
4. DATA
To estimate the production functions, we use data selected from the Young Lives Sur-
vey. This is a longitudinal survey covering 12,000 children in four countries: Ethiopia,
India, Peru, and Vietnam.8 The survey began in 2002 with two cohorts of children in each
of these countries. In 2002, the younger cohort was between 6 and 18 months and the
older cohort was between 7.5 and 8.5 years of age. The second wave of the survey took
place in 2006-2007, and the third wave took place in 2009.9
In Ethiopia, the sample selected children from five regions out of nine in the country:
Addis Ababa, Amhara, Oromiya, SNNP (Southern Nations, Nationalities and People’s
region) and Tigray. These five regions account for 96% of Ethiopia’s total population.
Within each region, three to five districts were selected to obtain a balanced representa-
tion of poor rural and urban households, as well as relatively less poor rural and urban
households. In total, 20 districts are included in the sample. Within the districts, at least
one peasant association (in rural areas) or one kebele (i.e. the lowest level of adminis-
tration for urban areas) was selected and was included as sites if they contained a suffi-
cient number of households with children in the relevant age range. Note that sites were
chosen to oversample areas where food deficiency is particularly relevant, as well as to
8Attanasio, Meghir, and Nix (2015) present results for India, in addition to developing the estimation pro-
cedure used here.
9The survey is scheduled to continue, following the same children, every three years through 2016. Once
the final two waves are publicly released, it will be possible to extend the analysis in this paper to look at
a broader range of outcomes. In particular, we will be able to anchor the estimates to adult outcomes, such
as teenage pregnancy, high school completion, college matriculation, and wages.
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capture Ethiopia’s diversity in terms of ethnicities, in both rural and urban areas. The
households participating in the survey were randomly selected within sites.10
In contrast to the other countries in Young Lives, Peru chose the 20 sentinel sites us-
ing a multi-stage, cluster-stratified random sampling approach. However, as in Ethiopia,
the 20 sites considered for the multi-stage, cluster-stratified random sampling were cho-
sen so as to over-represent poorer districts (this was achieved by excluding the richest
5% of districts from the sample according to the poverty map developed in 2000 by the
Fondo Nacional de Cooperacion para el Desarrollo). The poverty ranking of districts is
constructed taking into account factors such as infant mortality, housing, schooling, in-
frastructure, and access to services. The sample covers households from the following
regions of Peru: Tumbes, Piura, Amazonas, San Martin, Cajamarca, La Libertad, Ancash,
Huanuco, Lima, Junin, Ayacucho, Arequipa and Puno.11
The surveys are extremely detailed, and we use information from household question-
naires, child questionnaires, and community questionnaires. In Table 1, we present statis-
tics on the children and their households. In Ethiopia, the younger cohort includes 1,999
children and the older cohort includes 1,000 children. By age 5, the average number of
children in the household is approximately 4. In the older cohort, by age 12 the same
figure is around 6. On average, the focus child in the younger cohort has 2 older siblings
at age 5 while children in the older cohort have 3 older siblings at age 12. These relatively
high numbers reveal demographic characteristics that are typical of developing countries,
which often display households with a relatively high number of children.
Consistent with the aims of the Young Lives sampling approach, the households in our
sample are relatively poor. This is captured in the summary statistics on average annual
income and the wealth index. Average annual income in Ethiopia is computed taking into
account income from both wages and benefits. The wealth index is computed by Young
Lives as an average of three indices that measure housing quality, consumer durables, and
10For more information on the sampling approach, see Escobal and Flores (2008).
11For more information on the sampling approach and the Peru data, see Outes-Leon and Sanchez (2008)
and Escobal, Lanata, Madrid et al. (2003).
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access to services. Average annual income in round 2 is around 6,000 Ethiopian Birr, and
around 13,000 Ethiopian Birr in round 3. The high standard deviation of the wealth index
reveals the degree of heterogeneity in terms of economic background in the Ethiopian
sample, but could also be indicative of measurement error. Given this fact, we will use
both the wealth index and measured income as measurements on latent income.
The younger cohort in Peru includes 2,052 children, whereas the older cohort includes
714 children. Peru is a relatively more developed country, and this is reflected in the sum-
mary statistics in Table 1. In particular, the average number of children in the household
is 3 by age 5, and 4 by age 12. Also, the average number of older siblings is approximately
2 for both samples. In terms of economic well-being, average annual income is approx-
imately 12,000 Peruvian Sols in rounds 2 and 3. The Young Lives wealth index displays
relatively less variance with respect to Ethiopia.
In Tables 12-13 in the Appendix we report the summary statistics for the child measure-
ments associated with each latent factor at each age. These measurements demonstrate
the richness of data available in the Young Lives data set, which we take full advantage
of in our approach. For example, the survey administered a number of tests, including
the PPVT, a math test, the CDA test, and the Early Grade Reading Assessment (EGRA),
which we use to identify latent cognition for ages 5, 8, 12, and 15. For age 1, no measure-
ments for cognition are available, reflecting the fact that it is almost impossible to measure
cognition when children are under the age of 1. In addition, the survey measured weight,
height, and elicited self-reported (by either the parent or child) health status, which we
use to identify latent health for ages 1, 5, 8, 12, and 15. Assignment of measurements to
the remaining factors (investments and parental health and cognition) are discussed in
Section 5.1.
5. RESULTS
We organize our results as follows. We first present and discuss the estimates of the
measurement system. These estimates identify the joint distribution of the latent factors
HUMAN CAPITAL GROWTH AND POVERTY 17
TABLE 1. Summary Statistics: Demographic Variables
Younger Cohort Older Cohort
Age 1 Age 5 Age 8 Age 8 Age 12 Age 15
Ethiopia
Demographics
Number of Children 3.18 4.14 . 4.62 5.61 .
(2.02) (2.31) . (2.14) (2.47) .
Number Older Siblings . 2.44 . . 2.84 .
. (2.25) . . (2.45) .
Measures of Economic Well Being
Annual Income . 5,742 12,800 . 5,680 12,585
. (17,619) (35,846) . (11,097) (22,452)
Wealth Index 0.21 0.28 0.33 0.22 0.30 0.35
(0.17) (0.18) (0.18) (0.17) (0.17) (0.17)
Number of Observations 1999 1000
Peru
Demographics
Number of Children 2.51 3.15 . 3.5 4.0 .
(1.85) (2.05) . (1.9) (2.14) .
Number Older Siblings . 1.61 . . 1.9 .
. (1.95) . . (2.13) .
Measures of Economic Well Being
Annual Income . 12,394 11,691 . 12,843 11,943
. (15,737) (19,782) . (11,980) (18,425)
Wealth Index 0.42 0.47 0.54 0.46 0.52 0.59
(0.19) (0.23) (0.21) (0.19) (0.23) (0.19)
Number of Observations 2052 714
(child health and cognition, parental investments, and parental health and cognition) and
the other variables that make up the production functions. Next, we discuss the deter-
minants of parental investments. Last, we present the results for the production func-
tions. For each set of results, we compare the estimates obtained with the Peruvian and
Ethiopian data.
5.1. The measurement system across countries. As described in Section 3.3, the estima-
tion of the measurement system is done in two steps. The estimates of the measurement
system are then used to generate synthetic data in the third step. The same synthetic data
can be used to estimate both the CES and the Nested CES production functions, given
that the same measurement system underlies both production functions.
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The estimates of the measurement system can be used to summarize how informative
each measurement is in terms of the underlying factor it proxies. In particular, for each
measurement used to extract the latent factors, we can compute the signal to noise ra-
tio which is equal to the ratio of the variance of the latent factor to the variance of the
measurement error.
In Table 2, we report signal to noise for the measurements we use to identify latent chil-
dren’s cognitive ability at each age. Also reported in Table 2 are the signal to noise ratios
for the measurements we use to identify latent parent’s cognitive ability for the children
from each cohort, which is treated as fixed across the different ages. We find that the
measurements we use for cognitive skills are very informative, with only a few excep-
tions (specifically numeracy and writing level are not very informative measurements,
which may be related to the limited variability in these measurements).12 Finally, this
and subsequent tables report the factor loading on the log of the factor.13
In Table 3, we report signal to noise for the measurements used to proxy child health
across all ages. We find that with the exception of self-reported health status14, the mea-
surements on child health are extremely informative regarding latent health: their signal
to noise ratios all exceed 50%. The parental health measurements are marginally less in-
formative. Finally, in Table 4, we report signal to noise ratios for the measurements used
to proxy investments in children across all ages. The results in the table show that the
majority of our information regarding latent investments is related to expenditures on
children. The amounts spent on clothing, shoes, and books are particularly informative.
One drawback of our data is that we do not have sufficient information to split latent
investments into separate factors, representing different types of investment. With rich
12Numeracy is the answer to the question: does the child correctly answer what is 2x4? Writing level is a
score of 0, 1, or 2.
13Notice that because of the log transformation the units relating to the level of the factor are absorbed by
the intercept of the measurement equations, which has been eliminated by demeaning all the measures.
14The signal to noise for self-reported health status is sometimes very close to 0. When this occurs, it is
because the loading is estimated to be 0 and identification is then based off of the other two measurements.
If there were only two measurements, the factor would not be identified, but fortunately in both of these
cases there are two additional measurements that are used to identify the latent factor for health.
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TABLE 2. Signal to Noise Ratios for Cognition Measures
Factor Measures Ethiopia Peru
% Signal Loading % Signal Loading
Child’s Cognitive
Skills (Age 5)
PPVT Test 43% 1 86% 1




PPVT Test 36% 1 73% 1
Math Test 53% 1.23 42% 0.79




Ravens Test - - 20% 1
Reading Level 59% 1 62% 1.69
Writing Level 52% 0.94 44% 1.46
Numeracy 12% 0.48 5% 0.48
Child’s Cognitive
Skills (Age 12)
PPVT Test 36% 1.13 59% 1
Math Test 24% 1 42% 0.86
Reading Level 15% 0.76 23% 0.63
Writing Level - - 2% -0.19
Child’s Cognitive
Skills (Age 15)
PPVT Test 43% 1.02 54% 1
Math Test 36% 1 38% 0.86




Mom Education 79% 1 62% 1
Dad Education 33% 0.65 40% 0.82




Mom Education 8% 1 27% 1
Dad Education 28% 0.70 40% 0.93
Literacy 74% 0.79 64% 0.81
enough data, one could consider different types of investment, such as investment in
time and material (as done in Attanasio, Cattan, Fitzsimons et al. (2015)) and separately
identify investments in health and cognition.
5.1.1. Cross Country Comparison. The signal to noise ratio for the same measurement is
often very different across the two countries. For example, the PPVT test appears to be
much more informative in Peru relative to Ethiopia. Similarly, the number of food groups
is more informative in Ethiopia than in Peru. In other cases, there are large differences but
without a discernible pattern across countries when considering all ages. This is a very
interesting result and of relevance for international comparisons and, more generally, for
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TABLE 3. Signal to Noise Ratios for Health Measures
Factor Measures Ethiopia Peru
% Signal Loading % Signal Loading
Child’s Health
(Age 1)
Height Z-Score 58% 1 60% 1
Weight Z-Score 77% 1.11 60% 1.00
Healthy? (0-2) 3% -0.20 3% 0.24
Child’s Health
(Age 5)
Height Z-Score 57% 1 62% 1
Weight Z-Score 68% 1.09 72% 1.13




Height Z-Score 65% 1 73% 1
Weight Z-Score 77% 1.09 72% 1.01




Height Z-Score 45% 1 55% 1
Weight Z-Score 55% 1.19 66% 1.14
Healthy? (0-2) 1% -0.18 1% 0.12
Child’s Health
(Age 12)
Height Z-Score 72% 1 60% 1
Weight 72% 1.01 70% 1.11
Healthy? (0-2) 1% -0.13 2% 0.17
Child’s Health
(Age 15)
Height Z-Score 69% 1 56% 1
Weight 81% 1.06 56% 1.04
Healthy? (1-5) 0% 0.08 15 0% 0.09
Parental Health
(Younger Cohort)
Mom Weight 92% 1 34% 1
Mom Height 5% 0.22 45% 1.11
Parental Health
(Older Cohort)
Mom Weight 32% 1 33% 1
Mom Height 71% 0.30 66% 1.05
the construction of measures that can be used for such comparisons. There are a number
of possible explanations for the differences we observe.16
It may well be possible that the differences are down to data collection: if the enumer-
ators have different skills collecting data in the two countries this could give rise to very
different measurement error structures. The difference in signal to noise ratios across
contexts could also arise if there is less variability in a given factor in one country versus
the other, but the same amount of noise. This may have to do with how heterogeneous
the population is in each of the two surveys. A third hypothesis is that some measure-
ments are not comparable across countries because they have not been adapted in the
16This set of issues is somewhat related to the discussions in Deaton and Heston (2010) and Deaton (2008).
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TABLE 4. Signal to Noise Ratios for Investment Measures
Factor Measures Ethiopia Peru
% Signal Loading % Signal Loading
Investment
(Age 5)
Amount Spent on Books 18% 1 5% 0.33
Amount Spent on Clothing 31% 0.70 60% 1
Amount Spent on Shoes 42% 1.03 52% 0.95
Amount Spent on Uniform 1% 0.41 18% 0.54
Meals in Day 2% 0.22 1% 0.14
Food Groups in Day 9% 0.47 3% 0.21
Investment
(Age 8)
Amount Spent on Books 17% 1.61 38% 0.88
Amount Spent on Clothing 4% 1 28% 1
Amount Spent on Shoes 58% 1.72 51% 1.16
Amount Spent on Uniform 14% 0.75 10% 0.56
Meals in Day 4% 0.45 2% 0.23
Food Groups in Day 6% 0.55 1% 0.13
Investment
(Age 12)
Amount Spent on Fees - - 6% 1
Amount Spent on Books 11% 1 41% 2.50
Amount Spent on Clothing 30% 1.62 55% 2.80
Amount Spent on Shoes 49% 2.06 38% 2.28
Amount Spent on Uniform - - 5% 0.94
Meals in Day 13% 1.03 1% 0.43
Food Groups in Day 20% 1.24 3% 0.69
Investment
(Age 15)
Amount Spent on Fees - - 6% 1
Amount Spent on Books 20% 1 33% 2.16
Amount Spent on Clothing 19% 1.01 46% 2.51
Amount Spent on Shoes 6% 0.63 43% 2.41
Amount Spent on Uniform - - 9% 1.17
Meals in Day 4% 0.48 1% 0.31
Food Groups in Day 6% 0.52 1% 0.34
same way (this explanation is particularly relevant for the cognitive tests but arguably
less relevant for measurements like height and weight, which can be uniformly applied
across countries). This is a general point and cautions about the use of tests to compare
across different contexts. It is likely that all three of these explanations are at work in our
context. Provided the differences across contexts are not so severe that they invalidate our
assumptions on the measurement system, the approach taken here deals with variability
in measurement error across countries by removing it and extracting comparable latent
factors, albeit with a scale set by the choice of normalization of the loading.
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5.2. The determinants of parental investments in children across countries. As dis-
cussed in Section 3.2, parental investment decisions are approximated by a log-linear
function. Investments in period t depend on the child’s existing stock of human capi-
tal, parental cognition and health, birth order, the number of children in the household,
child gender, parental income, and prices of investment goods. Birth order, number of
siblings, and child gender could be potential determinants of investment both through
the budget constraint and by capturing features of parental preferences. Income is clearly
an important determinant of investment as it contributes to the relative tightness of the
budget constraint that the household faces. Prices of various goods (at the district level
each period) that are related to child development may affect investments through the
budget constraint. Specifically, we include a price index for food, a price index for cloth-
ing, the price of a notebook (related to costs of education), and the prices of the medicines
Mebendazol and Amoxicillin.17 As noted in our description of the data, child cognition in
the first wave of the youngest cohort, when the children were 1, was not measured. For
this reason the investment equation for age 5 does not include child cognition.
The investment equations are of interest since they reveal potential links through which
child’s and parental characteristics, as well as other covariates, influence parental invest-
ment behavior. In addition, the saliency of prices and income are particularly important
since we use them as instruments for investments in the production functions. For this
reason, in the tables below we report the results of a joint F-test for income and the price
variables. As we will also investigate the possibility of not using income as an instru-
ment for investments when estimating the production functions, since income may itself
be endogenous, we also report the F-test for the joint significance of the price variables
alone.
5.2.1. Ethiopia. The determinants of parental investment in health and cognition in Ethiopia
are reported in Table 5, along with 95% bootstrap confidence intervals. We find that
17Mebendazol is used for the treatment of worms in children and Amoxicillin is a penicillin antibiotic used
in the treatment of various infections.
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parental cognition increases investments at all ages but 15 and parental health affects
investment at age 5 and 8, but not at older ages of the child.18 Perhaps surprisingly, child
health and cognition do not affect investments. Birth order and the number of children
are also mostly insignificant. However it is remarkable that for children at age 5 invest-
ments in males are higher by 16%. Although the male preference is no longer evident
at older ages, given the potential importance of investment at early ages this is possibly
an important source of gender differences in child development. Consistent with theory,
families with higher income invest more. The elasticity is highest at the lowest age and
decreases thereafter to just under 0.4. While we cannot establish causality beyond rea-
sonable doubt it is worth remembering that the estimated income effect is conditional on
parental background and household composition.
Turning to the joint significance of the variables we use as instruments in the production
function, we find that when we consider income and prices jointly, the p-values for the
null of no joint significance are very low. However, when we consider only the price
variables, we find that they are only jointly significant at ages 8 and 15. In these cases
what stands out is the price of the notebook (age 8) reflecting educational costs at that
critical age, the price of the deworming drug Mebendazol at age 15, and the price of the
antibiotic Amoxicillin at age 8. These estimates imply that a 10% increase in the price of
a notebook at age 8 would lead to a 1.93% decrease in investments, a 10% increase in the
price of Mebendazol at age 15 would lead to a 3.58% reduction in investments, and a 10%
increase in the price of Amoxicilin would lead to a 2.08% decrease in investments at age
8.
5.2.2. Peru. The estimated coefficients of the investment equations for Peru are reported
in Table 6. Here again neither child cognitive skills nor child health are significant de-
terminants of investment at any age. This result is potentially important because, as we
will see next, investments and child cognition are complementary which implies that the
18To the extent that child cognition at age 1 is correlated with parental cognition it may well be that the
impact of the latter on investments at age 5 is overestimated since we do not observe child cognition at age
1, and thus cannot include lagged cognition at that age.
HUMAN CAPITAL GROWTH AND POVERTY 24
TABLE 5. The Coefficients of the Investment Equations - Ethiopia







































































































Prices and Income (P-values) 0 0 .0010 .0003
Prices (P-values) .2671 0 .5772 .0003
Notes: 95% confidence intervals based on 100 bootstrap replications in square brackets.
returns are higher for children with higher initial levels of cognition. Perhaps parents are
not aware either of the level of cognition of their child or of the parameters of the produc-
tion functions for human capital.19 The exception is that child health has a positive effect
on investments at age 8.
As in Ethiopia, parental cognition seems to matter early on at ages 5 and 8, although
the effects are not as strong in Peru. Nevertheless, the result we obtain with the Ethiopian
data also holds in the Peruvian context: at older ages child investments do not depend
on parental cognition. Parental health matters when the child is 5 but not later. The num-
ber of children reduces investments at all ages (although it is not significant at age 8).
19Attanasio, Cunha and Jervis (in progress) explore the possibility that parents have distorted beliefs about
the production function for human capital.
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In contrast, investments are higher for children with older siblings at later ages, perhaps
because older siblings are independent earners and more resources are available (condi-
tional on the overall lower investments in families with many children). In Peru, we find
no evidence of male preference in investments. Finally, income plays a critical role in in-
vestments with the impact being highest for younger children, as in Ethiopia. In Peru,
we see a much more pronounced decline of the income effect as the child ages. However,
what stands out is that in both cases income matters most at the youngest age suggesting
that poorer parents invest substantially less at an age where these investments may be
critical for child development. We will explore the broader implications of this fact, com-
bined with what we find regarding the production function parameters over these ages,
at the end of the paper.
Jointly prices are significant at all ages but the youngest. However, the price of clothing
and the price of food enter with the ’wrong sign’. As discussed above, the likely reason
for this result is the source of (regional) variation in prices that we are exploiting. What
stands out as before is the price of the notebook at all ages except the youngest (although
it is only significant at the 5% level at age 12), and the price of Mebendazol at all ages
(although at age 12 it is not significant).
5.2.3. Summary. The one unambiguous result across both countries is that investment in
children is driven by income conditional on both parental background and child health
and cognition. We interpret this as the impact of current resources. Importantly, the effect
of income is highest for the youngest children, meaning that differences in investments
across income groups are highest at the youngest ages. This holds true in both countries.
The quality/quantity trade-off is only apparent in Peru and male preference is evident at
younger ages in Ethiopia.
Finally, there is evidence that prices matter, particularly those relating to health care
and education. We rely exclusively on spatial variation, which we assume is not driven
by to demand differences. However, this is clearly not the ideal data set to identify robust
price effects. Some of the perverse price impacts may well be due to a violation of the
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TABLE 6. The Coefficients of the Investment Equations - Peru







































































































Prices and Income (P-values) .0001 0 .0113 .0498
Prices (P-values) .1753 0 .0112 .0354
Notes: 95% confidence intervals based on 100 bootstrap replications in square brackets.
price exogeneity (due to shifts in preference for child goods across regions). Notice that
violation of price exogeneity does not jeopardize our ability to identify the parameters of
the production function, as long as the ’shocks’ to prices or the demand shifts across re-
gions that are the cause of endogeneity are orthogonal to the shocks to the human capital
production function that cause the endogeneity of investment.
5.3. Production function estimates across countries. Investments reflects parental choices.
The next step is to estimate the way these choices, together with the child’s background,
affect the production of cognition and health over the various stages of the child’s life.
We explore different functional forms for the production functions of child human cap-
ital. We first report estimates of CES production functions, which until now has been
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the most flexible functional form estimated in this literature. We then move on to con-
sider a less restrictive specification, given by the nested CES. Specifically, we estimate the
parameters of equations 2.2 and 2.3 with one adjustment at age 5. As in the case of invest-
ment, the production functions estimated for age 5 do not include cognitive skills in the
previous period as an input, since we have no measures on cognition at age 1.
5.3.1. Constant Elasticity of Substitution (CES) Production Functions: Results and Cross Coun-
try Comparisons. In Tables 7 and 8, we present the results from estimating CES production
functions for each country. In both tables, investment is considered as endogenous and
the coefficients are obtained with a control function approach, using prices and income
as excluded instruments, as described above. The assumption underlying the exclusion
of income is that conditional on parental and child background as well as the various de-
mographics, income represents a liquidity shock and does not reflect omitted skills and
characteristics of the parents that directly affect the production of child human capital.
In the appendix we experiment with using just prices as exclusion restrictions. However,
as discussed above, prices are not necessarily exogenous either: we still need to assume
that either the demand functions for investment are the same across regions over which
we have spatial price variation, or at least that any shocks to demand across regions are
orthogonal to shocks to the production of human capital that are correlated with parental
investments. In general finding the right instruments is an important but hard task and
one hopes that in future we can exploit randomized or quasi-experimental variation.
Parental cognition and health have no significant impact at any age on child cognition
in Ethiopia. However, in Peru parental cognition enters from age 8 onwards. The pro-
duction of health does not depend on parental cognition but for both Ethiopia and Peru
parental health matters for child health when the child is 5 and when the child is 15. In
both Ethiopia and Peru, child cognition and health are self productive. Most importantly,
and similarly to the results for India in Attanasio, Meghir, and Nix (2015), we find that
child health matters for cognition at least at age 12 in Peru and at ages 5 and 8 in Ethiopia.
This result is important because it highlights the importance of child ill-health, prevalent
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in poor environments, in generating cognitive deficits. According to these results, im-
provements in child health will not only increase future health, but will also feed back
into child cognitive development.
Turning now to the coefficients on investments: in Ethiopia there is a very strong effect
of investment on cognition at all stages of childhood and a strong effect on health at age
5 and at age 15, but not in between. Similarly, in Peru we find a very strong impact
of investment on cognition when the child is 5 and 8 but not at later ages where the
effect is imprecisely estimated. Moreover the impact of investment on health in Peru is
very imprecisely estimated. Looking at the investment residual we see that it is often
significant and comes in with a negative sign; the negative correlation of the investment
residual with the shock to the production function may be interpreted as compensatory
behavior of the parents, i.e. following a negative shock to their child’s cognition they
tend to increase investments. However, this causal interpretation should be made with
some caution, especially in situations in which the joint significance in the investment
equations of the excluded instruments is not very strong as is the case at age 15 for Peru.
For this reason, in the appendix we report the results obtained by OLS. As can be verified
from the results in those tables, the size of most parameters is not affected dramatically.
The OLS results in the appendix are useful for another reason. When the coefficients
on the investment residuals are significant (and negative) in the production function, it is
useful to compare the OLS estimates of the coefficients on investments to those obtained
when taking into account the endogeneity of investments. We find that in these instances,
the coefficient on investment increases considerably in size relative to the OLS estimates.
This is an additional indication that parental investment may serve a compensatory role
relative to shocks received by the children.
In both countries whenever there is a significant effect of the number of children on the
production of either cognition or health it is negative. More children in the household
seem to be detrimental both in terms of investment but also in terms of the production
of human capital (with one exception at 12 in the production of cognition in Ethiopia).
HUMAN CAPITAL GROWTH AND POVERTY 29
Importantly, there does not seem to be a strong effect of gender on the production func-
tion. Any significant effects are very small. The notable exception is the effect of Male on
health at age 15 in both Ethiopia (with a negative sign) and Peru (with a positive sign).
This may have to do with differences in behavioral norms of teenagers in the two coun-
tries, although we do not have any concrete evidence relating to this.
The elasticity of substitution is not always very well determined. However, for cogni-
tion it is generally close to one. For health it varies between 0.65 and nearly 2. Despite
being imprecisely estimated these results exclude very high levels of substitution, sug-
gesting that there is complementarity between the various inputs. We explore this further























TABLE 7. Production of Human Capital, CES Production Function, Ethiopia
Cognition Health




















































































































































































































TABLE 8. Production of Human Capital, CES Production Function, Peru
Cognition Health





























































































































































































Notes: 95% confidence intervals based on 100 bootstrap replications in square brackets.
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5.3.2. Nested CES: Results and Cross Country Comparisons. The nested CES allows for a
more flexible pattern of substitutability among the different inputs. The inputs we nest
are the child’s skills (cognition and health) in the previous period. This allows us to
investigate whether lagged child cognition and health have a different degree of substi-
tutability in the production of child human capital with respect to all other inputs.
However, cognition does not affect health except at age 12 in Ethiopia and age 8 in Peru.
In contrast, health affects cognition at ages 5 and 8 in Ethiopia, age 12 in Peru, and at all
other ages health enters positively in the production of cognition and is only marginally
insignificant. For this reason, we focus on the nested results for cognition only, and report
the estimates for the nested CES for health at age 8 for Peru and age 12 for Ethiopia
in the appendix. Since we do not observe measures of cognition at age 1, we can only
estimate this specification for ages 8, 12 and 15. The results for Ethiopia are in Table 9
and the results for Peru are in Table 10. As with the CES, we also report OLS estimates
without instruments for investments (see Tables 17 - 18) and estimates using only prices as
instruments for investments, in which case income enters both the investment equations
and the production functions (see Tables 21 - 22).
We discuss the implications of the nested CES coefficients on the pattern of substitu-
tion elasticity in more detail below. However, here we note that, whilst the coefficient
that determines the elasticity between the two initial endowments is not estimated very
precisely, we can reject the hypothesis that it is equal to 1 which would imply the standard
CES.
The patterns of the other coefficients is broadly similar to that obtained with the CES.
Cognition is highly persistent. Health is cross productive, although only significantly so
at ages 8 and 12 in Ethiopia. Parental cognition continues to be an important input in
child cognitive skill in Peru, but not in Ethiopia. We confirm that investments have a
strong impact on the production of cognition, with the effect decreasing in magnitude as
children age. This finding is a key result that survives this more general specification. We
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TABLE 9. Production of Human Capital, Nested CES Production Function, Ethiopia



























































































Notes: 95% confidence intervals based on 100 bootstrap replications in square brackets.
now turn to the substitution elasticity (and hence implied complementarity) and how this
changes with this more flexible specification.
5.3.3. Comparison between the CES and the Nested CES. To test whether the grouping in-
troduced in the nested CES is important, Table 11 gives the difference between the two
elasticities in the nested CES production functions and 95% confidence intervals for the
differences. We find that the two elasticities are significantly different at all ages and in
both countries. This implies that the nested CES does in fact fit the data better. However,
given the substantial differences in the production functions, it is difficult to know how
this, combined with the differences in the magnitudes of the coefficients, should affect
our interpretation of the results.
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TABLE 10. Production of Human Capital, Nested CES Production Function, Peru



























































































Notes: 95% confidence intervals based on 100 bootstrap replications in square brackets.
TABLE 11. Test of the Nested CES
Ethiopia Peru
Cognition Cognition
Age 8 1.496 0.57
[0.346 , 3.626] [0.021 , 1.384]
Age 12 0.853 0.644
[0.133 , 2.67] [0.077 , 2.225]
Age 15 0.445 0.249
[0.044 , 1.555] [0.025 , 1.279]
Notes: 95% confidence intervals based on 100
bootstrap replications in square brackets.
In Figures 5.1 and 5.2 for Ethiopia and Peru respectively, we plot the marginal prod-
uct of investment for each decile of baseline cognition, computed using the estimated
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parameters for both the CES and nested CES at ages 8, 12, and 15 for Ethiopia. In partic-
ular, these values are computed for each decile of baseline cognition (recorded at age 5,
8, or 12), keeping all other input values at their sample averages. In all cases the strong
complementarity between initial cognition and investments is evident. This illustrates
the difficulty with which early deficits can be remedied by later investments and poses
the difficult policy challenge of reaching the most deprived populations effectively. The
graphs also show the potential importance of allowing for flexible production functions:
the degree of complementarity differs substantially between the CES and the nested CES.
6. COUNTERFACTUAL SIMULATIONS
6.1. Impulse response functions. An important advantage of the longitudinal data we
are using is that they allow us to follow children over a long period of time and estimate
in a flexible way the degree of persistence and cross productivity of shocks and inputs.
One way to study the implications of our sets of parameter estimates is to plot an impulse
response function for investment innovations. In this subsection, we present this exercise
for Ethiopia and Peru in Figures 6.1 and 6.2.
The experiment we perform is to select the children who are, at age 5, in the bottom 5%
in terms of cognition. Using this sample, we compute the median values for all inputs
and skills, including cognition. As one would expect, children who are “poor” in terms
of cognitive skills, also have poorer health, poorer parental health and poorer parental
cognition. Using these values and our estimates of the production functions we can pre-
dict the pattern of cognition that would occur for this sample (according to our model)
if no changes were made. This is our baseline. In Figures 6.1 and 6.2 below, we plot the
pattern of cognition that would occur, according to the model, in two alternative scenar-
ios about parental inputs and initial health conditions, relative to the baseline. In the first
scenario, we increase the investments these children receive at age 5 to equal the median
investment of children in the top 10% in terms of cognition, and then follow the effect
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FIGURE 5.1. Marginal Product of Investment in Ethiopia
Cognitive Skills by decile
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of the increase in investments through age 15 as implied by the production functions we
have estimated. In the second scenario, we repeat the exercise but also give the child an
initial health level at age 5 equivalent to the median health level of children in the top
10% of cognition at that age. This exercise is meant to capture the effect of increasing both
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FIGURE 5.2. Marginal Product of Investment in Peru
Cognitive Skills by decile
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inputs in the presence of dynamic complementarities. Any outcome in the figures above
1 implies an increase in cognition relative to the status quo.
For both countries and both production functions we observe that a positive shock to
investment and health, as well as to investments alone, have large positive effects on the
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low baseline cognition, high baseline health
evolution of cognition over time. Specifically, the interventions lead to a 15-70% increase
in cognition by age 15. For Ethiopia, increasing both investment and health at baseline
leads to a larger increase in cognition at age 8 in the CES specification compared to the
nested CES case, although by age 15 the differences between the two specifications are
less noticeable. While there is a small gain from increasing both health and investments
versus investments alone in the CES case for Ethiopia, for the nested CES specification the
increase in later cognition due to the two alternative policies is almost identical. In Peru
the difference between the two interventions is larger, with greater gains from increasing
both health and investments at baseline. This result signifies greater levels of comple-
mentarity in Peru. This effect is somewhat larger with the nested CES. The key point
demonstrated by these exercises is that the complementarity between initial conditions
and investments can lead to substantially different results. Moreover, this exercise em-
phasizes the importance of health at an early age: with low health levels child outcomes
respond less to investments.
6.2. Quantifying the importance of parental investments in generating inequality in
child outcomes. In this section, we compare the patterns of cognitive skills over time
for children who have the same baseline initial skill levels, but whose parents belong to
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different ends of the income distribution. First, we assign children the median level of
skills in our sample, as well as the median amount of all other inputs. Next, we use our
estimates of the investment equation to compute parental investments for children whose
parents are at the 90th income percentile in our data, and the same investments for chil-
dren whose parents are at the 10th income percentile in our data (all else equal). We then
compute the evolution of cognitive skills over childhood for these two different patterns
of investment. After the initial age, investments at later ages are also computed using
our investment function estimates. However, at later ages not only will children receive
different investments due to the differences in their parent’s incomes, but also as a result
of the differences in cognition and health that come out of the production functions via
inequality in investments accumulated in previous ages. The results from this exercise
are reported in Figure 6.3. The dashed line shows the evolution of cognitive skills over
time when parental investment is computed using the 90th percentile of income in our
data. The dot-dashed line shows the same pattern for investment computed using the
10th percentile of income in our data. Both these lines are relative to the outcome that
would occur if median income was used. In addition, we include two more lines. These
lines show the evolution of skills when initial conditions are not restricted to be the same.
Instead, for the top line, we compute the evolution of skills for children whose parents
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are at the 90th income percentile AND who have the corresponding top 10 percentile level
of initial skills (cognition and health), relative to the median. The bottom line gives the
evolution of skills for children whose parents are at the 10th income percentile AND who
have the corresponding bottom 10 percentile level of initial skills. To economize on space
we just show the results for the nested CES. These graphs clearly show that children of
high income families, who enjoy persistently higher levels of parental investments, im-
mediately open a large gap relative to poorer children, and this gap not only persists over
time but grows. This is despite the same initial conditions and illustrates the inequalities
that arise simply from different investments among the better off and the poorer. What is
even more impressive is that while the initial gap in skills is much larger at age 5 when
initial skills correspond to the income percentile (which is mechanically expected when
compared to the case where initial skills are required to be equal) a substantial part of
the gap that persists to age 15 when initial conditions are allowed to differ appears to be
consistent with the gaps driven by differences in parental income which drive differences
in investments at early ages.
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7. CONCLUSION
Understanding the development of human capital from an early age is critical to trac-
ing the origins of inequality, to understanding the mechanisms for the inter-generational
transmission of skills, and ultimately to design policies that can reduce poverty in a sub-
stantial way.
In this paper, following the approach of Cunha, Heckman, and Schennach (2010) and
building on work for Colombia and India (Attanasio, Cattan, Fitzsimons et al. (2015) and
Attanasio, Meghir, and Nix (2015), respectively) we estimate the determinants of invest-
ments in children and how these affect child outcomes in Peru and Ethiopia. Relative
to previous studies we investigate the implications of more flexible functional forms that
allow for richer patterns of complementarities among different inputs of the production
function and add to the evidence by bringing in data from other developing countries,
which helps identify common patterns.
We show that in several contexts, allowing for a flexible functional form is important.
While in some cases the relatively simple Constant Elasticity of Substitution production
function performs well, we find that in many cases the more flexible patterns of comple-
mentarity across different inputs allowed by a Nested CES fit the data better. This has
important implications for the interpretation of the results, and we show that the shape
of the marginal productivity of investments by decile of cognitive skills can be quite dif-
ferent for the CES and Nested CES.
Our focus is on cognition and health, for which we have rich information in the Young
Lives Survey. While there are some important differences in the results from the two
countries, some common elements stand out, which are also consistent with earlier work.
First, investments increase with parental cognition and income, implying that children
from better backgrounds get more resources and those resources may also be used more
effectively. While this result is not unexpected, the large differences in cognitive develop-
ment we document driven only by differences in parental income clearly illustrates that
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this may be an important source of social inequality and points to the potential impor-
tance of interventions boosting investments in children from poor backgrounds at a very
early stage.
Second, cognition and health are self productive, implying persistence of past levels of
child skills. However, there is some depreciation of skills, particularly at the cognitive
level, which points to the potential importance of continuing investments throughout
childhood. Third, health is important for cognitive development, a result that is similar
to what is found for India by Attanasio, Meghir, and Nix (2015). This is a key result be-
cause poor health at early ages is prevalent in developing countries. Our results confirm
that such ill-health can cause cognitive deficits, starting at very young ages, which can
perpetuate poverty. Fourth, investments are important for cognition; however for both
countries their impact declines with age pointing to the importance of early interventions.
This result coupled with the fact that the elasticity of investments with respect to income
is higher at lower ages points to another source of inequality, since the poor will tend to
invest less exactly when such investments are most important. Finally, inputs into the
production of human capital are complementary, at least based on the measurements and
normalizations used in this paper, and the nested CES, which implies richer patterns of
complementarity, generally fits the data better.
Together, these results provide important evidence that it is key to devise and imple-
ment health and cognition interventions that account for their complex interactions over
childhood in order to promote human development. For example, programs focused on
cognitive stimulation, sanitation, and possibly nutrition at very early ages can have long
lasting and mutually reinforcing effects. We expect our results to further stimulate exper-
imentation with such interventions. In addition, future work could extend the work done
in this paper to additional contexts, and connect skills at adulthood to interesting adult
outcomes like completed schooling, criminality, and wages, in order to better understand
the mapping from these important skills to other policy relevant outcomes.
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APPENDIX A. SUMMARY STATISTICS
TABLE 12. Summary Statistics: Child Measurements Ethiopia
Younger Cohort Older Cohort
Age 1 Age 5 Age 8 Age 8 Age 12 Age 15
Gender (male) 0.53 0.53 0.53 0.51 0.51 0.51
Health Measures
Height for Age Z-Score -1.58 -1.45 -1.21 -1.48 -1.39 -1.37
(1.96) (1.13) (1.07) (1.29) (1.27) (1.29)
Weight for Age Z-Score -1.43 -1.36 -1.63 -2.03 . .
(1.52) (0.93) (0.94) (1.34) . .
Weight in kg 7.96 15.68 20.49 19.13 30.37 40.47
(1.47) (2.02) (2.89) (3.37) (5.83) (8.07)
How is Child’s Health? (0-2) 1.86 1.55 . 1.23 1.23 .
(0.78) (0.66) . (0.68) (0.62) .
How is Child’s Health? (1-5) . . 4 . . 4.04
. . (0.87) . . (0.86)
Cognitive Measures
Number Correct PPVT Test . 21.42 68.35 . 75.87 124.27
. (12.39) (36.77) . (26.16) (28.36)
Rasch Score Math Test . . 300 . 300.00 300.00
. . (14.99) . (49.94) (14.98)
Rasch Score CDA Test . 300 . . . .
. (49.97) . . . .
Rasch Score Egra Test . . 300 . . .
. . (14.99) . . .
Rasch Score Cloze Test . . . . . 300.00
. . . . . (14.98)
Ravens Total Correct (0-36) . . . 16.79 . .
. . . (6.31) . .
Child’s Reading Level (1-4) . . . 1.94 3.26 .
. . . (1.20) (1.04) .
Child’s Writing Level (0-2) . . . 0.66 1.21 .
. . . (0.83) (0.63) .
What is 2x4? (1 if correct) . . . 0.44 . .
Observations 1,999 1000
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TABLE 13. Summary Statistics: Child Measurements Peru
Younger Cohort Older Cohort
Age 1 Age 5 Age 8 Age 8 Age 12 Age 15
Gender (male) 0.50 0.50 0.50 0.54 0.54 0.54
Health Measures
Height for Age Z-Score -1.30 -1.56 -1.17 -1.41 -1.53 -1.48
(1.36) (1.16) (1.06) (1.01) (1.15) (0.90)
Weight for Age Z-Score -0.20 -0.54 -0.34 -0.50 . .
(1.21) (1.25) (1.20) (0.96) . .
Weight in kg 9.10 17.84 24.46 23.74 38.60 50.40
(1.42) (3.02) (4.96) (3.67) (8.57) (8.82)
How is Child’s Health? (0-2) 1.26 1.03 . 1.22 1.23 .
(0.68) (0.58) . (0.62) (0.57) .
How is Child’s Health? (1-5) . . 3.71 . . 3.75
. . (0.65) . . (0.67)
Cognitive Measures
Rasch Score PPVT Test . 300.00 300.00 . 300.00 300.00
. (50.00) (15.01) . (50.00) (15.00)
Rasch Score Math Test . . 300.03 . 300.00 300.00
. . (14.98) . (50.00) (15.00)
Rasch Score CDA Test . 300.00 . . . .
. (49.99) . . . .
Rasch Score Egra Test . . 300.01 . . .
. . (15.01) . . .
Rasch Score Cloze Test . . . . . 300.00
. . . . . (15.00)
Ravens Total Correct (0-36) . . . 20.82 . .
. . . (8.06) . .
Child’s Reading Level (1-4) . . . 3.59 3.93 .
. . . (0.96) (0.39) .
Child’s Writing Level (0-2) . . . 1.42 1.12 .
. . . (0.71) (0.36) .
What is 2x4? (1 if correct) . . . 0.75 . .
Observations 2,052 714
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APPENDIX B. ESTIMATES OF THE NESTED CES FOR HEALTH AT AGE 8 FOR PERU AND
AGE 12 FOR ETHIOPIA
TABLE 14. Production of Human Capital, Nested CES Production Function, Health
Health




















































































APPENDIX C. ESTIMATES WITHOUT INSTRUMENTS FOR INVESTMENTS
TABLE 15. Production of Human Capital, CES Production Function, Ethiopia
Cognition Health




































































































































































































TABLE 16. Production of Human Capital, CES Production Function, Peru
Cognition Health




































































































































































































TABLE 17. Production of Human Capital, Nested CES Production Function, Ethiopia
Cognition Health
































































































































































































TABLE 18. Production of Human Capital, Nested CES Production Function, Peru
Cognition Health
































































































































































































APPENDIX D. ESTIMATES USING ONLY PRICES AS INSTRUMENTS
TABLE 19. Production of Human Capital, CES Production Function, Ethiopia
Cognition Health




































































































































































































































TABLE 20. Production of Human Capital, CES Production Function, Peru
Cognition Health




































































































































































































































TABLE 21. Production of Human Capital, Nested CES Production Function, Ethiopia
Cognition Health
























































































































































































































TABLE 22. Production of Human Capital, Nested CES Production Function, Peru
Cognition Health
























































































































































































































APPENDIX E. ESTIMATES USING PRICES, INCOME, AND THEIR INTERACTIONS AS INSTRUMENTS
TABLE 23. Production of Human Capital, CES Production Function, Ethiopia
Cognition Health




















































































































































































































TABLE 24. Production of Human Capital, CES Production Function, Peru
Cognition Health





























































































































































































Notes: 95% confidence intervals based on 100 bootstrap replications in square brackets.
